This paper discusses the use of Linear Mixed Models (LMM) and Generalized Linear Mixed Models (GLMM) to predict the wear and damage trajectories of railway wheelsets for a fleet of modern multiple unit trains. The wear trajectory is described by the evolution of the wheel flange thickness, the flange height and the tread diameter; whereas the damage trajectory is assessed through the probabilities of various types of wheel tread damage such as rolling contact fatigue, wheel flats and cavities occurring. Different model specifications are compared based on an information criterion.
Introduction
Statistical modelling of degradation processes provides a quantitative basis to assess the maintenance and renewal needs of a given system. In the railway system, train operating companies spend a significant part of their maintenance budget on wheelsets. Railway wheelsets are crucial to ensure safety and passenger comfort and thus, their dimensions must comply with technical specifications regarding their shape and wheel diameter 1 . Wheel profiles evolve with use due to wear and damage phenomena. This paper discusses the use of statistical models to predict the evolution of wear and damage trajectories for a sample of railway wheels from a fleet of modern multiple units, using data which are routinely collected by maintenance depots and, therefore, can be applied to any fleet of vehicles.
Improved statistical modelling to predict wear and damage trajectories of railway wheelsets may provide a better estimate of the expected wheelset life-cycle, as well as supporting wheelset maintenance decision making during its life-cycle. Note that our aim in applying the following statistical models is not to be able to predict wear and damage per se, but to understand which factors/effects might contribute to explain the variability in these predictions. If we can control this variability better then we could think about making better decisions in wheel maintenance.
A wheelset is composed of two wheels linked with a rigid axle. The outer rim profile of the wheel has two main parts: the tread and the flange. A comprehensive degradation model for a wheel would assess the evolution of the following geometrical variables throughout the life cycle of the wheel: i) the wheel diameter ( );
ii) the flange thickness ( );
iii) the flange height ( ℎ ).
It would also need to account for other damage defects that may occur during the wheel's life cycle, such as rolling contact fatigue (RCF), wheel flats and cavities. These can significantly shorten a wheel's life as they often require a large reduction in the wheel diameter in order to remove the damaged material. So far, section 1 introduced the need to statistically model the wear and damage trajectories of railway wheelsets. The outline of the rest of this paper is as follows: section 2 briefly reviews past research on this topic, followed by an overview of the statistical methods used, namely Linear Mixed
Model and Generalized Linear Mixed Model in section 3. Section 4 applies such models to the wear and damage trajectories of railway wheelsets and compares several model specifications. Finally, the main conclusions and some directions for further research are given in section 5.
Background
Statistical modelling of wear and damage trajectories of railway wheelsets is not a common approach when studying wear and damage of railway wheelsets. Most studies do not introduce probabilistic issues in their modelling. In fact, only some studies were found that use a statistical modelling approach 2, 3, 4 , although none of these studies use the LMM and the GLMM discussed here.
More recently, Wang et al 5 recently published a data-driven model to optimize the re-profiling strategy of metro wheel using as a case study the Guangzhou Metro Line, mainly focusing on the deterioration due to wear and without considering the damage trajectory/defects. Lin and Asplund 6 also used more complex Weibull frailty models to model lifetime data for a sample of locomotive wheels. They also conducted a statistical descriptive analysis of the impact wheel turning (also known as re-profiling) in the main wheel shape parameters.
Molyneux-Berry and Bevan 7 associated the observed damage types and wheel locations with the vehicle running conditions. Their study required a more detailed monitoring of the shape and length of RCF cracks in wheels than is currently done by most wheel maintainers. It also reports that leading wheelsets suffered more rapid RCF damage than other wheelsets and that smaller diameter wheels suffer more rapid RCF damage. Nevertheless, these observations are not supported by any statistical test and tend to be more of a 'feeling' rather than a hypothesis that is statistically tested with evidence from the data, controlling for other variables that influence the occurrence of such defects.
Bevan et al. 8 have discussed the optimisation of wheelset maintenance taking into account not only the costs associated with wheelsets but also associated with the rail component, combining the perspective of train operating companies and the infrastructure manager, respectively. Our paper builds on this previous research and intends to understand the different behaviour in the wear and damage trajectories of different wheelsets using a statistical approach based on LMM and GLMM.
For GB mainline railways, Railway Group Standard GM/RT 2466 provides the wheel profile limits for the flange thickness ( ) and the flange height ( ℎ ) for a given tread profile. The standard specifies a minimum value for the flange thickness and a maximum value for the flange height. If a wheel infringes these limits, then wheel turning is needed in order to restore the full profile and both flange thickness and height to their initial values (or reasonably close to the initial values depending on the lathe's accuracy). Making the decision to turn a wheel imposes a loss in the wheel diameter (∆ ). Once the wheel reaches its scrap diameter ( ), the vehicle must be removed from service and the wheelset replaced.
Regarding other international experiences, Pascual and Marcos 9 reported on the US experience of Talgo on wheel wear management of 'high-speed' passenger trains. Talgo developed a maintenance program called Total Logistic Care (TLC) that keeps the flange thickness within an 'optimal' range of operation instead of waiting until the wheel is out of the specifications. The French train operating company SNCF bases their maintenance rules on a risk management system (called REX 10 ) that attempts to combine quantitative data with perceptions and experience of the wheel maintainers, (thus adding a subjective dimension to risk assessment) in order to tackle organisational issues with multiple decision-makers and multiple criteria. Nevertheless, no specific information on the statistical modelling of wear and damage trajectories were found.
Finally, Ferreira et al. 11 from a statistical perspective, in which the authors distinguish operating conditions (referring to wheel position, i.e. whether the axle is outer or inner, without giving information on whether it is a motored or a trailer) and Ekberg et al.
12
, Pombo et al. 13 and Nia et al. 14 provide mechanical engineering models that consider physical quantities (e.g. vertical wheel load, diameter of the wheel, radius of the railhead, residual stresses, longitudinal and transverse contact stresses, etc), and which can be integrated in multibody dynamics simulations.
Linear Mixed Models and Generalized Linear Mixed Models
This section discusses the statistical methods used to model the wear and damage trajectories of railway wheelsets, namely Linear Mixed Models (LMM) and Generalized Linear Mixed Models (GLMM).
- 
In which: is the dependent variable for group i, is the design matrix for that group i, is the slope parameter and is the residual error for group i. are the matrix of covariates and is the corresponding random effects for each group i.
Some assumptions then have to be made on the random components:
The random effects associated with a given group ( ) and the residual error for each group ( ) are normally distributed with zero mean and co-variance matrices equal to and respectively. Both error terms are assumed to be independent between each other (for the same group i and between different groups). Additionally, the co-variance matrices are specified with an unknown scale parameter 2 :
Some additional constraints on the matrices and have to be made to guarantee identifiability 15 .
These constraints are usually simplifications leading to choices of the matrices and that are multiples of the identity matrix.
Generalized Linear Mixed Model (GLMM) allow the definition of probability distributions different from the Gaussian/Normal distribution, like Binomial or Poisson distributions, which are particular useful to model discrete dependent variables. GLMM requires the definition of a distribution from the exponential family and the definition of a link function that would relate the mean value of the dependent variable with the linear predictor. We will not provide more details on the GLMMs for the general case and instead refer the interested reader to some references 16, 17, 18 , which discuss the specific GLMM used in this paper in more detail: the Mixed Logistic Model, defined through the Binomial distribution and the 'logit' link function. The choice of this particular model (and the 'logit' link function) had to do with the author's familiarity with it rather than a fundamental theoretical reason. Alternative link functions (e.g. 'probit' or 'cloglog') were tested but did not offer substantial improvement in the information criterion. For instance, the probability of a positive response for the dependent variable , i.e. the probability that an RCF defect ( ) occurs can be computed as:
Where: is the probability of the occurrence of an RCF defect to wheelset ; are the slope parameters associated with each covariate and are the values for each covariate and wheelset .
The term in parenthesis (i.e. ∑ ) can then be enhanced to account for random effects associated with some other factors, as was done previously for the Linear Mixed Models, though this time, it is no longer a normal distribution with an 'identity' link function, but a binomial distribution with a 'logit' link function.
LMMs and GLMMs are particularly useful because one might be interested in specifying a random effect associated with train unit or month of measurement, and identifying which one of them might be more influential in the variability of a particular geometrical measure of wheel degradation. Of course, one might also want to control for some fixed effects that do not vary for different groups and may contribute to the mean effect, like mileage since turning or wheelset type.
The next section will apply the models described above to the main dependent variables describing the wear and damage trajectories of a railway wheelset. All the following statistical models were estimated using the 'lme4' package for the R software code 19, 20 . Table 1 provides an overview of the variables in the database used in the LMM and the GLMM, their description and type, as well as some statistics.
Statistical modelling
The following statistical analysis was split into two parts:
A. On the wear trajectory, i.e. on the evolution of the geometrical measures of the wheel profile, such as the change in the flange thickness (∆ ), the change in the flange height (∆ ℎ ), the change in the tread diameter due to wear (∆ ) and the diameter loss due to turning (∆ );
B. On the damage trajectory, i.e. on the occurrence of other wheel tread defects, such as rolling contact fatigue ( ), wheel flats ( ) and cavities ( ). Only these defects were included in this study, because the other ones (mentioned above) are much less common than RCF, flats or cavities. Linear Mixed Models (LMMs) were then specified for all of the following dependent variables in order to assess the wheelset life-cycle:
On the wear trajectory
i)
The change in the flange thickness -∆
ii)
The change in the flange height -∆ ℎ
iii)
The change in the tread diameter due to wear -∆
iv)
The diameter loss due to turning -∆ For each dependent variable (from i) to iv)), several model specifications were estimated using as explaining variables: the mileage since turning ( ), the wheel diameter ( ), the unit ( ), the vehicle ( ) identifications, the month of measurement ( ), the wheelset type ( ) and the technician ( ) responsible for the maintenance decision.
Some of the models explored were specified using mileage since turning ( ) as an explaining variable with three terms: a linear, a quadratic and a cubic term. The main reason to include this variable in a polynomial form resulted from the fact that its shape mimics a qualitative behaviour that is considered reasonable to quantify different stages of wear: i) an initial stage with high wear rate, ii) a normal stage with much lower wear rate and iii) a final stage with increasingly higher wear rate 1 . The other five nominal variables or factors ( , , , , ) were used to specify random effects for different groups identified by those factors, except the wheelset type ( ) that was used to specify fixed effects. For instance, the factor 'Wheelset type' ( ) identifies three different groups:
the group of motored wheelsets, the group of leading trailer wheelsets (non-motored wheelsets at the outer ends of the 3-vehicle set which are often thought to suffer more RCF damage) and the group of internal trailer wheelsets.
In LMM with several factors, there are typically two ways of modelling random effects with multiple groups: i) crossed random effects and ii) nested random effects. The nested random effects take the assumption that particular random effects within a group are 'nested', i.e. are specific to a member of another group. For instance, say one is interested in modelling the wheelset degradation from a wheelset in a given vehicle. Then, one might consider random effects of wheelset position nested within each vehicle type, or one might not consider the random effect of wheelset position within each vehicle type and instead model these random effects in a crossed manner. In this paper, only the crossed random effects were considered because no statistically significant increase in information was found when nested random effects were considered. Different model specifications were assessed and compared based on a 'goodness of fit' measure: the -2 Restricted Log Likelihood.
The reason why we conducted model comparison using the Restricted Maximum Likelihood (REML) criterion for model selection had to do mostly with the fact that lme4 package fits the model using that same criterion 21 . Note that the Akaike Information Criterion (AIC) is used solely to compare models with different Fixed Effects (FE) and without Random Effects (RE), whereas the REML criterion is used to compare models with the same Fixed Effects but different random effects (RE).
For a deeper discussion on the use of different criteria in model comparison in LMM, see Müller et al. 22 , namely on the lack of consensus on how to approach model selection in LMM. and indexes the individual measurement of that wheel ( = 1,2, … , ′). Therefore, the model M3a considered for Fixed Effects the 3 rd order polynomial on mileage since turning (M) with linear, quadratic, cubic and the intercept terms, as well as the wheelset type ( ), and it also adds two crossed random effects: month of measurement ( ) and unit ( ). In terms of Variance assumptions for model M3a, the crossed random effects -0 and 0 that are added to the intercept 0 , are assumed to be normally distributed with zero mean, i.e. (0, ) and (0, ), respectively, and independent of each other. Finally, is the traditional normally distributed random error, i.e.
(0, 2 ), which is also independent from 0 and 0 .
Regarding the other models shown in Table 2 : models M0 (M0 and M0c) are the simplest models only with an intercept and a slope parameter (for covariate and covariate respectively); models M1 are the reference models without any random effect considered; model M2 add solely a random effect term defined by the factor month of measurement ( ); model M3a is described above, whereas model M3b excludes the cubic term of the fixed effect for the mileage since turning, when compared with M3a. Models M4 (a and b), when compared to models M3 (a and b), add a random effect term defined by the factor vehicle (V); whereas models (M1c-M5c) for the dependent variable diameter loss due to turning (∆ ) also consider the fixed effects associated with the binary variables ( , and ) describing the occurrence of the associated damage defect and add a random effect term associated with the factor technician (T).
The decision to model wheel degradation at the wheelset level and not at the wheel level should be clarified at this point. This modelling approach was taken as the degradations of wheels from the same axle (i.e. wheelset) are very correlated and maintenance decisions due to parity, where wheels are turned solely to match diameters between axles on a bogie or vehicle, were not considered for this fleet.
The following discusses some results of the estimated models specified above in Table 2 for each dependent variable i) to iv):
i) The change in the flange thickness -∆
The first dependent variable to be analysed is the change in the flange thickness (∆ ) compared to the initial flange in a new profile (e.g. profile P8: = 28.5 mm). As previously shown in Figure 3 , there is a lot of variability around the 3 rd order polynomial to describe the evolution of the change in the flange thickness with mileage since turning. This variability is then explored again through a LMM, comparing the different specifications discussed previously (models M0-M4a). Table 3 provides the Restricted Maximum Likelihood (REML) estimates for the parameters of the models tested. Model M4a-∆ shows the minimum value for the information criterion (-2 Restricted Log Likelihood). Note that all coefficients are statistically significant at the 5% significance level for all fixed effects. The random effects associated with the factor month of measurement ( ) exhibit a higher variance, followed by the factors unit ( ) and vehicle ( ). Comparing their variances with the total variance ( 2 + + + = 0.06337), we find out that the measurement noise still captures 65.7%, the factor month of measurement ( ) captures 30.5%, the factor unit ( ) captures 3.5% and finally the factor vehicle ( ) captures 0.3% of the total variance.
ii) The change in the flange height -∆ ℎ
The second dependent variable that needs to be statistically modelled is the change in flange height (∆ ℎ ) compared to the initial flange on a new profile (e.g. profile P8: ℎ = 30 mm). As previously shown in Figure 4 , there is a lot of variability around the 3 rd order polynomial to describe the change in the flange height with mileage since turning. This variability is then explored again through a LMM, comparing the same specifications tested previously (models M0-M4a). Table 4 iii) The change in the tread diameter -∆
The third dependent variable that needs to be modelled is the change in the tread diameter due to wear (∆ ). Typically, in life-cycle calculations one tends to consider a wear rate, i.e. the change in the tread diameter over a certain time or mileage interval. Figure 5 plots the change in the tread diameter with the associated mileage since turning, as well as a 2 nd order polynomial curve to fit this data. As Figure 5 shows, there is a lot of variability around this 2 nd order polynomial curve, and thus LMMs were used in a similar manner to that discussed above. Model specifications contained in Table 2 were explored (models M0-M4b), though this time, without the cubic term, as it did not provide any significant additional explaining power to the fixed effects terms. Table 5 provides the REML estimates for the parameters of the models explored. Model M4b-∆ shows the minimum value for the information criterion (-2 Restricted Log Likelihood). Note that all coefficients are statistically significant at the 5% significance level for all fixed effects. The random effects associated with the factor month of measurement ( ) exhibit a higher variance, followed by the factors unit ( ) and vehicle ( ). Comparing their variances with the total variance ( 2 + + + = 0.81644), we find out that the measurement noise still captures 82.6%, the factor month of measurement ( ) captures 12.3%, the factor unit ( ) captures 3.6% and finally the factor vehicle ( ) captures 1.5% of the total variance.
iv) The diameter loss due to turning -∆ Finally, the last dependent variable on the wear trajectory is the diameter loss due to turning (∆ ).
This variable together with the previous dependent variables -∆ ℎ , ∆ and ∆ -complete the overall predictive model for the evolution of the main geometric variables to assess the wheelset life-cycle on the wear trajectory.
A discussion based on a geometrical argument may show that the diameter loss due to turning (∆ ) might be approximated reasonably well with a linear relation with the flange thickness ( ) 15 . By assuming that the flange will wear with a constant flange angle (qR=68°-70°), a 1 mm reduction in flange thickness (i.e. a 1 mm horizontal shift) will translate into a 1mm×tan(qR) of reduction in radius Other covariates may contribute to explain the variability between the diameter loss due to turning (∆ ) and the flange thickness. For instance, the technicians' experience may contribute to explain this variability, and thus the random effects associated with factor technician ( ) may capture a large amount of the variance. Moreover, other factors contribute to additional loss of diameter, such as the need to remove tread defects (e.g. RCF, wheel flats and cavities).
Model specifications contained in Table 2 were explored (models M0c-M4c), though this time, without the cubic and quadratic terms, as they did not provide any significant additional explaining effect. Analysis, similar to the one provided by the rule of thumb discussed above. This research work is reported elsewhere 24 , focusing on the variability between the different wheel lathe operators. This resulted from the observation above that the factor technician captured even more variance than the measurement noise.
On the damage trajectory
The previous models have focused on the prediction of the main geometrically dependent variables, i.e. the changes in the flange thickness (∆ ), flange height (∆ ℎ ) and tread diameter (∆ ) and the diameter loss due to turning (∆ ), without considering the occurrence of other type of defects in the wheel, namely defects associated with the damage trajectory. In order to have a comprehensive degradation model that couples other failure modes, such as the occurrence of rolling contact fatigue (RCF) defects or wheel flats, one would need to assess the probability of such defects occurring given other explaining variables that may influence them through a GLMM.
Four dependent variables were created to control for the occurrence of rolling contact fatigue (RCF) defects ( ), the occurrence of wheel flats ( ) and the occurrence of cavities ( ). All these three variables are binary, i.e. they are equal to one if that defect is present for a given wheel and equal to zero otherwise.
Generalized Linear Mixed Models (GLMMs) were then specified for all of the following dependent variables in order to assess the wheelset life-cycle:
i) The occurrence of a rolling contact fatigue (RCF) defect -
ii) The occurrence of a wheel flat defect -
iii) The occurrence of a cavity defect - Table 7 i) The occurrence of a rolling contact fatigue (RCF) defect - Table 8 provides the Maximum Likelihood (ML) estimates for the parameters of the models explored for estimating the occurrence of a rolling contact fatigue defect (M0'-M4'a). In all the RCF defect probability models, the slope parameters associated with each fixed effect have the same sign, i.e.
the mileage since turning ( ) seems to have a mathematically positive effect in the occurrence of RCF defects, whereas the wheel diameter ( ) seems to have a mathematically negative effect in the occurrence of RCF defects (the smaller the diameter, the more likely that RCF defects will occur).
Nevertheless, there are some significant differences in the magnitude of the coefficients associated with each fixed effect in the model without random effects (M0) and the other models (M1'a-M4'a).
The models show that the position of the wheelset in the train (i.e. the wheelset type -) also has an effect on the probability of RCF occurring. The trailer wheelsets at the outer ends of the set (i.e.
leading trailer) tend to have a higher probability of RCF occurring than other trailer or motored wheelsets. These have a lower RCF defect probability, controlling for the wheel diameter ( ) and the mileage since turning ( ). Model M4'ashows the minimum value for the information criterion (AIC). Note that all coefficients are statistically significant at the 5% significance level for all fixed effects. The random effects associated with the factor month of measurement ( ) exhibit a higher variance, followed by the factors unit ( ) and vehicle ( ).
ii) The occurrence of a wheel flat defect - Table 9 provides the ML estimates for the parameters of the models explored for estimating the occurrence of a wheel flat defect (M0'-M4'a). It was found that the effect of the wheel diameter ( ) was no longer statistically significant and it was left out of the set of variables included as fixed effects. The probability of wheel flats occurring seems to decrease with mileage since turning ( ), and the trailer wheelsets at the outer ends of the set (i.e. leading trailer) seem to have higher probability of occurrence of a wheel flat when compared to other wheelsets (i.e. motor and internal trailer), controlling for the effect of mileage since turning ( ). Model M4'ashows the minimum value for the information criterion (AIC). Note that all coefficients are statistically significant at the 5% significance level for all fixed effects and again the random effects associated with the factor month of measurement ( ) exhibit a higher variance, followed by the factors unit ( ) and vehicle ( ).
iii) The occurrence of a cavity defectsFinally, Table 10 provides the ML estimates for the parameters of the models tested to estimate the occurrence of a cavities (M0'-M4'b). Both fixed effects associated with mileage since turning ( ) and with wheel diameter ( ) exhibit statistically significant estimates which are both negative, indicating that the probability of cavities occurring decreases with higher mileage since turning ( ) and increases for smaller wheel diameters ( ). Model M3'bshows the minimum value for the information criterion (AIC), with very similar coefficients to the model M4'b-. The random effect associated with factor vehicle ( ) does not capture any variability (√ = 0.000). Note that all coefficients are statistically significant at the 5% significance level for all fixed effects, except for the motored wheelsets ( ), and again the random effects associated with the factor month of measurement ( ) exhibit a higher variance, followed by the factors unit ( ) and vehicle ( ).
Conclusion and further research
This paper explored the use of Linear Mixed Models (LMM) and Generalized Linear Mixed Models (GLMM) to predict the wear and damage trajectories of railway wheelsets. For the modern multiple unit fleet investigated, the findings suggest that the changes in the flange thickness, the change in the flange height and the change in the wheel diameter due to wear are mainly dependent on the mileage since last turning ( ). Mileage since turning is also a statistically significant variable to model the occurrence of rolling contact fatigue, wheel flats and cavities. The factor month of measurement ( ) exhibits a high variance in every model, which is likely to be due to adhesion variations (i.e. lower in Autumn), whereas the technician operating the lathe ( ) assumes particular importance in the modelling of diameter loss due to turning. Moreover, wheels with smaller diameters are more likely to develop rolling contact fatigue and cavity defects. It was also found that rolling contact fatigue defects and wheel flats are more likely to occur in wheelsets in the leading trailer position (i.e. the wheelsets at the extreme outer ends of the unit), controlling for other fixed effects, than on wheelsets elsewhere on the train.
The statistical models described in this paper provide a quantitative basis for future simulation exercises to optimise maintenance and renewal of train wheelsets. Applying the statistical methods described in this paper can provide significant insights into the effects of the various degradation modes on wheelset life. The data used is typically collected during normal maintenance and wheel turning and, therefore, our models can be applied to any fleet of vehicles.
The use of LMM and GLMM in statistical modelling of wheel degradation is particularly useful if one wants to conduct a life-cycle cost study as it provides a straightforward simulation mechanism to Table 10 -Maximum Likelihood (ML) estimates for the parameters of models M0'-M4'b for the probability of occurrence of cavities ( ).
